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A B S T R A C T   

Large-scale states of ocean and atmosphere control the quantity and routine of vapor transported into land and 
the land water storage pattern. However, the contributions of leading climatic modes, or teleconnections (TCs), 
to global terrestrial water storage (TWS) variations are poorly understood. Here, we use measurements from the 
Gravity Recovery and Climate Experiment (GRACE) satellite mission to study 14 main TC controls on river basins 
and continental and global water storage patterns. Variations in terrestrial water storage anomaly (TWSA) 
in>97.5% of the global land surface are significantly correlated with at least 1 studied climatic mode. Among the 
14 leading climatic modes, the El Niño-Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), Atlantic 
Multidecadal Oscillation (AMO), and Indian Ocean Dipole (IOD) affect terrestrial water storage in 76.5%, 74.6%, 
59.7% and 46.4% of the global land surface, respectively. By associating each TC contribution, ENSO appears to 
have a weaker control on global land water storage than previously thought for dominating TWSA in 31.8% of 
global land, in contrast to PDO dominating TWSA in 36.6%. Our results suggest that the phase combination of 
TCs adjusts the response degree and time lag of land water storage via different hydrological cycle components, 
while the processes remain dynamic and highly uncertain.   

1. Introduction 

Large-scale and periodic changes in the single or coupled states of the 
ocean and atmosphere, usually expressed as teleconnections (TCs) for 
driving Earth climate remotely, are expected to regulate the general 
dynamics of the terrestrial hydrological cycle (Hallett et al., 2004; 
Martens et al., 2018). For example, the El Niño–Southern Oscillation 
(ENSO), as a key mode of variability in global atmospheric circulation, is 
associated with large-scale fluctuations in precipitation patterns and 
ultimately influences terrestrial water inputs (Forootan et al., 2014; Sun 
et al., 2016; Emerton et al., 2017). It also shifts atmospheric and 
ecological water demands via temperature and radiation fluctuations, 
subsequently altering the global terrestrial evapotranspiration and 
adjusting the output flux of terrestrial water resource (Miralles et al., 
2014; Feng et al., 2018; Martens et al, 2018). Beyond the water budget, 
the buffering and reallocation processes of water among terrestrial 
water bodies (e.g., rivers, lakes) and ecosystems (e.g., plants, soil) are 

likewise regulated by certain identified climatic modes (Long et al., 
2014; Emerton et al., 2017; McGregor, 2017). Terrestrial water storage 
(TWS) links energy and moisture exchanges between the atmosphere, 
ocean, and ecosystem and translates remote signals of hydrological el
ements that the atmosphere and ocean bring with them (De Linage et al., 
2013; Forootan et al., 2016). 

Terrestrial water supports ecosystems and human society. The 
interannual fluctuations in land water storage strongly affect the 
terrestrial carbon sink at global to regional scales (Fang et al., 2017; 
Humphrey et al., 2018). It is critical to disentangle the effects of climatic 
modes and improve the global water resource forecasting ability under 
climate change. Based upon the current theoretical understanding and 
instrumental observation of climatic teleconnections, several studies 
have revealed that ENSO is strongly correlated with the interannual 
changes in TWS between 15◦S and 15◦N (Phillips et al., 2012; Humphrey 
et al., 2016). The combined driving effects of multiple TCs on TWS have 
also been reported regionally (De Linage et al., 2013; Räsänen and 
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Kummu, 2013; Anyah et al., 2018), especially in the Northern Hemi
sphere (NH), where several climatic modes interact with each other 
within certain areas (Wang, 2004; Huang et al., 2017). However, a direct 
analysis of the effect of multiple TCs on TWS at the global scale is still 
missing, and the effective range of each TC and their mutual effect have 
hitherto not been fully identified to date. A comprehensive comparison 
of TC’s impacts on global land water storage, including their spatial 
feedback pattern and relative contribution, is thus needed to guide their 
use in terrestrial water forecasting. 

Here, we evaluate the climatic patterns expressed across global 
terrestrial water storage anomalies using observations from NASA’s 
Gravity Recovery and Climate Experiment (GRACE) mission of the 14 
major TC modes. We first describe the different influence spatial scales 
and correlation coefficients of TCs. Next, we illustrate the time lags of 
TWSA to each TC at global, regional and pixel scales. We then explore 
the terrestrial areas regulated by multiple TCs and identify the dominant 
TC for the given area. We also conduct time series analysis at the 
catchment scale to assess the phase change of multiple TCs and the 
TWSA response. Finally, we provide insight into the conceptual water 
balance framework by linking TC roles to precipitation, evapotranspi
ration and runoff and discuss limitations. 

2. Data and methods 

2.1. Teleconnections 

TCs may refer to patterns arising from the internal variability of the 
atmosphere coupled with variations in the ocean. In this study, we 
analyze four globally important patterns of coupled atmosphere–ocean 
variability—the El Niño–Southern Oscillation(ENSO), the Pacific 
Decadal Oscillation (PDO), the Atlantic Multidecadal Oscillation (AMO), 
and the Indian Ocean Dipole (IOD)—and 10 additional climate patterns 
that dominate climate variability within the Northern and Southern 
Hemispheres. These regionally important TCs include the Arctic Oscil
lation (AO), Antarctic Oscillation (AAO), Pacific/North America (PNA), 
North Atlantic Oscillation (NAO), East Atlantic (EA), East Atlantic/ 
Western Russia (EAWR), Polar/Eurasia (POL), Scandinavia (SCAND), 
West/Pacific (WP), and East Pacific-North Pacific (EPNP). Monthly data 
for the 14 teleconnection indices are obtained from the National Oceanic 
and Atmospheric Administration (NOAA). Here, we adopt the monthly 
multivariate ENSO index (MEI) for considering signals in both the at
mosphere and the ocean, which has been shown to exhibit better 
behavior in correlating with TWS (Wolter and Timlin, 2011; Anyah 
et al., 2018). The PDO and AMO modes are defined as the leading sur
face temperature variability modes in the North Pacific and North 
Atlantic Ocean, respectively (MacDonald and Case, 2005; Ruprich- 
Robert and Cassou, 2014). Detailed information on all 14 TCs can be 
found in Supplementary Text S1. 

2.2. GRACE data 

From 2002 to 2017, the GRACE satellites measured monthly anom
alies of the Earth’s gravity field that can be used to obtain changes in 
terrestrial water storage. Here, we use the global monthly GRACE mass 
concentration (mascon) data at the spatial resolution of 0.5◦produced by 
the Center for Space Research (CSR) at the University of Texas at Austin 
and NASA’s Jet Propulsion Laboratory (JPL) to estimate the monthly 
TWS anomalies (TWSA). CSR mascon solutions are computed on an 
equal area geodesic pixel comprised of hexagonal tiles approximately 
120 km wide (~1◦ at the equator) and are processed by constraining the 
original GRACE data through the Tikhonov regularization method, 
which effectively suppresses the north–south stripe errors in the GRACE 
measurements (Save et al., 2016). The JPL mascon data are calculated 
based on the equal area 3◦×3◦ spherical cap mascon function and then 
use a priori constraints, including altimetry data and Global Land Data 
Assimilation System (GLDAS) land surface models (Rodell, 2004), to 

estimate the global gravity fields. These procedures can minimize the 
effect of measurement errors (Wiese et al., 2016). The coarse 3◦×3◦ JPL 
mascon data is downscaled to 1◦×1◦ using downscaling factors calcu
lated with the Community Land Model 4.0 to reduce leakage errors 
introduced by the mascon basis function and finally resampled at 
0.5◦×0.5◦ grid cells (Scanlon et al., 2016; Watkins et al., 2015; Wiese 
et al., 2016). Detailed descriptions of the approaches used to process 
CSR and JPL Mascon products can be found in previous studies 
(Chambers and Bonin, 2012; Watkins et al., 2015; Save et al., 2016; 
Wiese et al., 2016). 

We obtain the CSR mascon data and JPL mascon data from 
http://www.csr.utexas.edu/grace/RL05_mascons.htm and https://grac 
e.jpl.nasa.gov/data/get-data/jpl_global_mascons/. Over land, we 
exclude the contribution of Greenland and Antarctica to obtain the 
monthly TWSA signal from Jan. 2003 to Dec. 2016. Missing records for 
19 months are reconstructed using spline interpolation. Average values 
of GRACE-CSR-RL05 and GRACE-JPL are adopted to represent the 
GRACE observed TWSA, and the data series of GRACE-CSR-RL05, 
GRACE-JPL, GRACE-CSR-RL06 are used as reference information 
(Supplementary Figs. S6-S15). Because the focus of this study is on 
correlations between TWSA and climate variables, we subtract the sea
sonal cycle signals, the long-term trend and the semiannual signals in 
each TWSA time series using simple linear regression (Anyah et al., 
2018; Humphrey et al., 2018). Considering that the 14-yr GRACE 
observation record cannot provide the decadal fluctuation of TWSA, we 
also use prolonged TWSA-rec data (1982–2016, dx.doi.org/https://doi. 
org//10.3929/ethz-b-000265949) simulated by GLDAS and trained by 
GRACE observations to confirm the correlations between TWSA and 
some long-period climate variability modes, such as AMO (Humphrey 
et al., 2018; Rodell, 2004). 

2.3. Precipitation, evapotranspiration and runoff 

The global 0.5◦ scale monthly precipitation datasets used in the study 
are obtained from the Climate Research Unit (CRU) Time Series 4.03 
dataset (http://data.ceda.ac.uk//badc/cru/) and the Global Precipita
tion Climatology Centre (GPCC) (https://www.esrl.noaa.gov/psd/ 
data/gridded/data.gpcc.html). GPCC precipitation data are used as 
reference information (Supplementary Figs. S16). Global datasets of 
terrestrial evapotranspiration are sourced from the European Centre for 
Medium-Range Weather Forecasts (ECMWF) ERA-Interim reanalysis 
dataset. Global monthly gridded basin-integrated observation-based 
runoff datasets based on the observed surface runoff values are collected 
from the Global Runoff Data Centre (GRDC: https://www.bafg. 
de/GRDC/EN/Home/homepage_node.html), and the missing data are 
simulated by a random forest model. Because these datasets have 
different spatial resolutions from the GRACE dataset, they are all con
verted to the same spatial resolution as 0.5◦. The selection criteria for 
the investigated river basins are as follows: 1) river basin catchment 
area > 40,000 km2, and 2) basin radius > 200 km (Scanlon et al., 2016) 
for the larger uncertainty of GRACE solution products within small river 
basins. Based on these criteria, 225 river catchments are chosen from the 
GRDC (Supplementary Table S1). Finally, both seasonal circle and long- 
term trends of precipitation, evapotranspiration and runoff data are 
removed by a method similar to the TWSA data processing. 

2.4. Methods 

Pearson’s correlation analysis is used to explore the relationship 
between the detrending time series of TWSA and TCs at global, regional, 
pixel and catchment scales. The significance of correlations is evaluated 
at p < 0.01. To account for interferences arising from interactions be
tween different climate phenomena, a partial least squares regression 
(PLS) model is implemented to disentangle the influence of different TCs 
on each other by considering interdependent and cross-correlated pro
cesses (Supplementary Fig. S17 and Text S2). Previous studies have 
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indicated that climatic modes can lead to changes in hydrological var
iables over months and between seasons (Miralles et al., 2014; Sagarika 
et al., 2016; Vásquez et al., 2017). To account for the unknown response 
time of TWSA to climate variables, time lags ranging from 0 (i.e., no lag) 
to 12 months are introduced to each of the TCs during the calculation, 
resulting in 182 predictive features in total (i.e., 14 TCs × 13 lags per 
TC) (Martens et al., 2018). 

3. Results 

3.1. Global and regional TWSA response to climatic modes 

We first calculate the correlations between TWSA and TCs with 0–12 
months time lags (TWSA after TCs) at global and hemispheric scales 
(Fig. 1 and Supplementary Fig. S1). Then, we divide the global terrestrial 
area into 11 subregions according to the definitions of the Atmospheric 
Tracer Transport Model Intercomparison Project (TransCom) v3 (Gur
ney et al., 2003) as follows: Boreal North America, Temperate North 
America, Europe, Boreal Asia, Temperate Asia, Tropical South America, 
Temperate South America, North Africa, South Africa, Tropical Asia, 
and Australia. We then investigate the correlations between TWSA and 
TCs at the regional scale (Fig. 1a, 1b). Finally, we check the correlations 
between TWSA and TCs at the pixel level to draw detailed spatial 
response patterns (Fig. 1c). To avoid the possibility of false signals as 
much as possible, we only exhibit those results with statistically 

significant correlation coefficients (p < 0.01) and persistent relation
ships (significant correlation can be observed for three consecutive 
months). 

Global TWSAs are found to be most strongly correlated with ENSO (r 
= − 0.57), AMO (r = 0.47) and PDO (r = − 0.37), followed by AO (r =
− 0.33), IOD (r = − 0.32), EPNP (r = − 0.22) and NAO (r = − 0.27) 
(Fig. 1b and Supplementary Fig. S1). However, at the hemispheric scale, 
only ENSO, PDO and AMO exhibit a significant relationship with TWSA 
in both the Northern Hemisphere (NH, r as 0.37, 0.32 and 0.40, 
respectively) and Southern Hemisphere (SH, r as − 0.63, − 0.52 and 
− 0.38, respectively). In contrast, IOD (r = − 0.23) and AO (r = − 0.23) 
are only significantly correlated with TWSA in NH, and NAO (r = -0.28) 
and EPNP (r = -0.26) are only correlated with TWSA in SH, demon
strating that they influence global TWSA via regulating special hemi
sphere’s hydrological cycle. The other 6 TCs, including AAO, EA, PNA, 
POL, SCAND, and WP, show no significant correlation with TWSA at 
either the global or hemisphere scale, indicating their limited influence 
range. We also observed statistically significant correlations between 
TWSA and EAWR on global and hemisphere scales (r = -0.28, Supple
mentary Fig. S1). However, the subsequent regional and pixel analyses 
demonstrate that EAWR only affects TWSA in limited areas (2 sub
regions and 12.1% pixels, Fig. 1b, 1c); thus, its global effect is not dis
cussed here. 

Regional- and pixel-scale results indicate the global reach of ENSO, 
PDO and AMO on TWSA, with significant correlations being observed in 

Fig. 1. (a) Division of the global terrestrial area into 11 subregions according to the definition used by TransCom v3. (b) Relationships between TCs and the average 
TWSA at global, hemispheric and regional scales. Each table row and column are labeled with region names and TC, respectively. The color of the grid cell indicates 
the greatest correlation coefficient among all lag times. Colored grids indicate that the maximum correlation coefficients pass the significance test. The numbers in 
the grids indicate the lag time of TWSA relative to variation in TCs: 0 refers to no time lag time during calculation, 1 refers to a 1–4 months lag of TWSA after TCs, 5 
refers to a 5–8 months lag of TWSA after TCs, and 9 refers to a 9–12 month lag of TWSA after TCs. (c) Spatial pattern of correlation coefficients between TCs and 
average TWSA. Pixels showing with non-significant relationships (p > 0.01) are masked (i.e. blank area). 
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9 of all 11 subregions (over 76.5% pixels), 10 subregions (over 74.6% 
pixels), and 8 subregions (over 59.7% pixels) of global land (Fig. 1b and 
1c). We support the previously reported strong negative correlations 
between TWSA and ENSO in tropical regions and SH (Phillips et al., 
2012). As a replenishment, we find that TWSA and ENSO present 
significantly positive correlations in temperate regions (i.e., Temperate 
North America, Temperate Asia, Temperate South America and North 
Africa, Fig. 1b and 1c). Moreover, we observe the PDO’s widespread 
influence on TWSA and similar spatial correlation pattern with ENSO, 
supporting the PDO’s similar spatial range as ENSO in driving climate 
variables (Diaz et al., 2001; Gonsamo et al., 2016; Zhu et al., 2017). The 
EPNP is associated with the location and intensification shift of the 
Pacific jet stream from eastern Asia to the eastern North Pacific, and 
linked to surface temperature fluctuations over the North Pacific (Bell 
and Janowiak, 1995). Our results show that EPNP shares a similar but 
narrower spatial correlation pattern compared with ENSO and PDO, 
with significant correlations existing in 8 subregions (over 55.2% 
pixels). The observed wide effects of ENSO, PDO and EPNP on the TWSA 
strongly indicate the important role of the Pacific Ocean state in shaping 
the global terrestrial water cycle and suggest a cognate relationship 
among the three TCs. 

With the short TWSA observation data (14 yrs), it is difficult to 
ascertain a reliable relationship with the multiple-decadal index such as 
AMO. The contemporary result shows that AMO is also the most 
important TC that strongly correlates with water storage in the majority 
of global land (8 subregions, over 59.7% pixels). We likewise noted that 
coefficients between AMO and TWSA increased as lag times increased 
(Supplementary Fig S15), suggesting its more long-lasting effects on 
TWS fluctuation. 

Furthermore, simulated TWSA-rec data (1982–2016) show stronger 
regulation from AMO existing in wider regions (over 79.3%) than 
GRACE-observed TWSA (Supplementary Figs. S2 and S3). 

IOD is associated with significant temperature and rain variability in 
the Indian Ocean rim regions (Ashok and Saji, 2007; Saji and Yamagata, 
2003), and here, we identify IOD’s effect on TWSA widely existing in 6 
subregions (over 46.4% pixels), including boreal and temperate North 

America, Europe, Tropical Asia and North and South Africa. AO, AAO 
and NAO are reported to dominate the climate variations in the mid- 
high latitudes (Chen, 2014), while we find that AAO is correlated to 
the TWSA mainly in North Africa of SH (1 subregion, over 10.3% pixels 
globally). In contrast, AO and NAO affect TWSA in both hemispheres (4 
subregions, over 36.5% pixels and 2 subregions, 30.4% pixels, respec
tively). Our results support the argument that AO and AAO are hardly 
taken as the distinct modes for they are usually combined with other 
TCs, and the teleconnection of AO is possibly the coexistence of NAO 
(Deser, 2000; Chen, 2014). The correlations between TWSA and the 
other 6 TCs (e.g., PNA, EA, EAWR, POL, SCAND and WP) are e relatively 
weak (|r| ≤ 0.35) and regionally limited, indicating their relatively 
minor impact on global land water regulation. 

3.2. The differentiate contributions of TCs to TWSA 

By examining the relationships among TWSA and 14 TCs at the pixel 
scale, we find that TWSA is significantly correlated with one or more of 
the studied TCs in over 97.5% of the global land area (Fig. 2a), indi
cating the potential forecasting ability of multiple TCs on global land 
water resources. The correlation map shows that regions with the most 
significant correlation coefficients are consist with the drainage area of 
major river basins (e.g., the Orinoco river basin, Zambezi river basin, 
Mackenzie river basin and OB river basin). This observation supports 
previous findings that river basins exhibit clearer climate signals than 
other area by collecting and consolidating rainwater over a large 
catchment (Phillips et al., 2012). Furthermore, our results show that the 
TWSA in over 91.8% of the terrestrial areas is correlated with multiple 
TCs (over three TCs). Among these, the TWSA in over 19.9% of areas is 
significantly correlated with over 7 TCs (Fig. 2b), which are mainly 
distributed in subregions such as Boreal North America, Tropical South 
America and North Africa (Fig. 1b). Regions with TWSA responses to 
5–6 TCs cover 41.8% of the global land area and are mainly distributed 
in subregions such as Temperate North America, Europe and Australia. 
The complex pattern of TC effects on TWSA observed here highlights the 
necessity to investigate the combined effects of multiple TCs rather than 

Fig. 2. The different contributions of various TCs to the local TWSA for the period 2003–2016. (a) Maps of the investigated regions color-coded based on the value of 
the maximum correlation coefficient found between TWSA and TCs. (b) Maps of investigated regions color-coded based on the numbers of TCs significantly 
correlated with local TWSA. (c) Maps of the investigated regions color-coded according to the identity of the TCs-dominated local TWSA. (d) The percentage of the 
global land surface significantly correlated and dominated by each TC and color-coded based on their correlated coefficients. 
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try to link large-scale hemispheric climate and hydrological variability 
to the single climatic mode. 

To disentangle the contributions of each TC, we conduct the partial 
least squares regression (PLS) model by considering the interdependent 
and cross-correlated processes considering 0–12 months time lags. The 
TC with the maximum regression coefficient of each pixel is defined as 
the dominant TC of the pixel (Fig. 2c), and the corresponding lag time is 
defined as the optimal lag of this dominant teleconnection (Supple
mentary Fig. S4). The TWSA in over 91.9% of terrestrial pixels is 
dominated by 4 global TCs: PDO (36.6%), ENSO (31.8%), AMO (14.3%) 
and IOD (9.2%) (Fig. 2d). Compared to its widest impacting area and 
strong correlations, we find that ENSO dominates TWSA in limited 
areas, predominantly distributed in tropical regions, the northern part of 
Africa and Australia, and scattered regions in NH (Fig. 2c). In contrast, 
the PDO is identified as the climate mode that dominates the TWSA in 
the widest area, including the central Asia, the North Africa and the 
southern part of South America, corresponding to the PDO’s robust re
lationships with dry/wet conditions in these regions (Sun et al., 2016). 
The AMO is always the most important TC in affecting the TWSA in the 
western Amazon Basin and Siberian region. The observed presence of 
IOD-dominated TWSA is noticeable in the tropical Indian Ocean rim 
regions and scattered in North America and Western Europe, substan
tially consistent with the reported remotely affected regions of IOD (Saji 
and Yamagata, 2003), except for Australia without signals in this study. 
While the spatial distribution of the lag time is fragmented 

(Supplementary Fig. S4), the lag times of TWSA in the ENSO-dominated 
area are generally shorter (average 4.3 months) than those of PDO 
(average 5.3 months), AMO (average 6.4 months) and IOD (average 6.2 
months), suggesting the relative faster response of TWSA to ENSO. 

3.3. Coordinated variations in multiple TCs at the catchment scale. 

To further investigate the multiple TC interaction process, we eval
uate the effect of TCs on TWSA at the catchment scale. Then we conduct 
time-series processing to check the coordinated variations of multiple 
TCs in two selected river basins. The correlation map shows regions with 
the most significant correlation coefficient following the drainage area 
of major river basins (Fig. 2a and Fig. 3a). This observation supports 
previous findings that river basins exhibit clearer climate signals than 
other areas by collecting and consolidating rainwater over a large 
catchment (Phillips et al., 2012). Catchments with weak correlations 
between TWSA and TCs are concentrated in Central Africa (the Nile 
River basin), central Asia (the Yenisei River basin and Amur basin), 
Western North America (the Yukon basin) and Eastern Siberia (the 
Kolyma River basin) (Fig. 3a), suggesting that other factors, including 
other climate mechanisms or anthropogenic activities, dominate 
changes of TWSA there. 

Corresponding with the results at the pixel and regional scales, we 
observe that the TWSA of most river basins is affected by multiple TCs 
(Supplementary Table S1). The synergistic effect of multiple TCs can 

Fig. 3. The response of TWSA to multiple TCs 
within investigated water catchments. (a) Maps 
of the investigated water catchments color-coded 
based on the value of the maximum correlation 
coefficient found between TWSA and TCs. (b) 
Time series of TWSA and correlated TCs in the 
Amazon basin (top) and Mekong River basin 
(bottom). Red boxes plot the phase synchroniza
tion cases of three TCs, and blue boxes plot the 
non-synchronization cases. (For interpretation of 
the references to color in this figure legend, the 
reader is referred to the web version of this 
article.)   
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also be observed in previously confirmed sensitive catchments to ENSO, 
such as the Amazon River basin (Marengo et al., 2011; Phillips et al., 
2012; Gloor et al., 2015). The time curves show that the TWSA in the 
Amazon Basin is most sensitive to the synchronous fluctuations of ENSO, 
PDO and AMO (Fig. 3b). The synchronous negative phase of PDO, ENSO 
and AMO usually leads to a stronger positive TWSA, and vice versa 
(labeled as red boxes in Fig. 3b). In contrast, incongruent phases of the 
three TCs will serve to cancel out and weaken each other, leading to 
weaker TWSA (labeled as blue boxes). Previous reports have indicated 
that a positive PDO phase is associated with an increase in precipitation 
in the southern Amazon and higher eastern Pacific temperatures over 
most of the Amazon River basin (Gloor et al., 2015), Positive ENSO al
ters wind patterns and contributes to positive precipitation anomalies 
(Van Oldenborgh and Burgers, 2005; Marengo et al., 2011). The com
bined effects of PDO and ENSO intensify the Walker circulation char
acterized by an increase in air upwelling and precipitation over the 
Amazon basin (McGregor et al., 2014). Meanwhile, AMO indirectly af
fects TWSA by modulating the intensity of the ENSO cycle (Vásquez 
et al., 2017) and commonly contributes to the greater fluctuations of 
TWSA. Similar conditions can also be clearly observed in the Mekong 
River basin (Räsänen and Kummu, 2013; Saji and Yamagata, 2003). 

4. Discussion 

4.1. Combined effect of multiple TCs on TWSA 

Many modes of climate variability are considered potential drivers of 
hydrological variability (Phillips et al., 2012; McGregor, 2017; Martens 
et al., 2018). After conducting a joint evaluation on global, regional and 
catchment scales, we prove the widespread impact of TCs on TWSA, 
with significant correlations observed in over 97.5% of the global 
terrestrial grid area. This demonstrates that water storage in most global 
land surfaces is regulated by remote ocean–atmosphere states and sup
ports the strong predictive ability of the TC index. In addition to pre
viously reported sensitive regions of the TWSA, such as tropical regions 
and the SH (Phillips et al., 2012; Anyah et al., 2018), the middle and 
high latitudes of the NH are also identifiedas sensitive TC-impacting 
areas. 

Among all studied TCs, ENSO affects TWSA dynamics in the largest 
portion of land (76.5%), confirming that ENSO is the most important 
mode as reported (Van Oldenborgh and Burgers, 2005; Marengo et al., 
2011; Phillips et al., 2012). However, several teleconnections, e.g., PDO 
(74.6%), AMO (59.7%) and IOD (46.4%), affect TWSA over extensive 
areas. ENSO, PDO and AMO have been previously reported to be the 
dominant climatic modes driving global carbon fluxes (Gonsamo et al., 
2016; Zhu et al., 2017). Our findings suggest that the effects of TCs on 
the terrestrial carbon cycle may be at least partly driven by their effects 
on terrestrial water storage, since changes in TWS have been reported to 
strongly affect the terrestrial carbon sink at global and continental scales 
(Humphery, et al., 2018). ENSO is found to dominate TWSA in only 
31.8% of its effect region, in agreement with the findings of Marten et al. 
(2018) that the global effects of ENSO on climate are generally subor
dinate to the effects of other TCs within the specific geographic area. 
Regional climate modes, such as AO, EA and EAWR, are reported to 
affect terrestrial water distribution by controlling the atmospheric cir
culation of specific regions (Bell and Janowiak, 1995; Silvestri and Vera, 
2003; Overland and Wang, 2005; Gao et al., 2016). There is potential for 
predicting atmosphere–ocean state-induced global land water storage 
anomalies by assimilating multiple climatic modes. 

An impressive finding is that fluctuations in water storage are 
regulated by multiple climatic modes in over 91.9% of the global land 
area, and TWSA in over 61.8% of the area is impacted by over 5 TCs. 
This suggests that terrestrial water resource forecasting models that 
adopt single or limited TC indices can hardly capture signals from ocean 
and atmospheric states. Furthermore, we reveal that TWSAs are sensi
tive to coordinated variations in multiple TCs. After examining 168- 

months-long records from the Amazon and Mekong River basins, we 
find that the maximum (minimum) values of TWSA frequency coincided 
with the signals stack in the same phase. Correspondingly, the out-of- 
phase combination of multiple TCs is inclined to weaken their impact 
on TWSA. Low-frequency cycles, such as the AMO and PDO, are reported 
to modulate high-frequency cycles such as ENSO, contributing to the 
enhanced or dampened ENSO-hydrology relationship in interdecadal 
periods (Hallett et al., 2004; Gonsamo et al., 2016; McGregor, 2017). 
Since the relationship between TCs and TWSA is likely to be dynamic 
and the different TC combinations exist over regions (Phillips, et al., 
2012; Forootan et al., 2016), we prove that the phase combination of 
local correlated climatic modes would shift land hydrological response 
behaviors. How the climatic modes at various temporal scales interact is 
not yet adequately understood, and the varied coupling between TCs 
and TWSA at longer historical time scales calls for further studies. 

4.2. TCs regulating TWSA via water budget processes 

TC modes regulate the global terrestrial water cycle by mediating 
precipitation (P), evapotranspiration (ET), runoff (R) and glacial melting 
in the cryosphere (Long, et al., 2014; Resende et al., 2018). To further 
track TC’s impact on terrestrial water cycles, we bridge TC impacts on 
each hydrological component based on the land water budget equation 
in each river basin. First, we calculate the contributions of P, ET, and R 
to the TWSA in each catchment and then check each TC’s contributions 
to P, ET and R via PLS models (Fig. 4, Supplementary Fig. S5). 

We find that the TWSAs of 51 river basins (covering over 40.6% of 
the studied catchment areas) are predominantly driven by precipitation 
(contribution > 50%), and mainly located in the mid-latitude 30◦ or 
above of both hemispheres. ENSO and EPNP are the dominant TCs 
driving P fluctuations in these river basins. This finding supports pre
vious reports that ENSO and EPNP reflect the total volume of water 
vapor moving from the tropical ocean to the inner land (Wang, 2004; 
Van Oldenborgh and Burgers, 2005; Emerton et al., 2017) and in turn 
regulate the water storage of the inner land. Moreover, water storage in 
the river basins located in the high-latitude and high-elevation regions is 
partly replenished by melting snow or glaciers (Emerton et al., 2017; 
Martens, et al., 2018). Considering the neglected impacts of TCs on 
TWSA via the temperature-induced melting process, the contributions of 
TCs to TWSA in high latitude regions are probably underestimated 
(Hirschi et al., 2006; Syed et al., 2009; Zhang et al., 2019). 

Totally 130 river basins (covering over 51.1% of the studied catch
ment areas) are found whose water storage is controlled by ET, and 
mainly distributed in tropical and subtropical regions. Water availability 
is not limited in these regions, and climatic modes affect terrestrial 
evaporation by altering the atmospheric demand for water (Martens 
et al., 2018). The broad area of water temperature anomalies and 
changes in the trade winds along the equator are classic features of the 
ENSO, which may lead to associated changes in ET within tropical and 
subtropical regions (Miralles et al., 2014). TWSAs in 6 river basins 
(covering 2.7% of total areas) are observed to be driven by R in this 
study. The relations between stream flow and modes of climate vari
ability in the catchment are reported to be non-monotonic and associ
ated with catchment characteristics such as glaciation (Fleming and 
Dahlke, 2014). 

It is worth noting that the relationship between TCs and TWSA is 
likely to be dynamic. There is evidence that teleconnection patterns may 
shift their climate driving mechanism during different phases and lead 
to different impacts on hydrological components (Miralles et al., 2014; 
Ruprich-Robert and Cassou, 2014; Fang et al., 2017; McGregor, 2017). 
Moreover, the integration of these hydrological components over time 
could generate additional uncertainty in the TWSA, such as the positive 
precipitation led by the combined effects of multiple TCs often being tied 
to extra runoff resulting from floods (Emerton et al., 2017; McGregor, 
2017). 
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5. Conclusions 

To achieve a comprehensive understanding of multiple TCs’ effects 
on hydrological activity, we present here a global framework on corre
lations with terrestrial hydrological processes and associated ocean/at
mosphere states. Despite the uncertainties mentioned above, our study 
observes that the TWSA is sensitive to one or more of these climatic TCs 
over 97.5% of the global terrestrial area. We report the robust effects of 
ENSO, PDO and AMO on driving variations in TWSA, demonstrated by 
wide areas of effect and strong correlations that persisted for several 
months at the global, hemisphere, continent and catchment scales. 
Moreover, the TWSA in over 91.8% of the terrestrial area (62.2% of 
water basins) is regulated by multiple TCs and sensitive to coordinated 
variations of multiple TCs. 

ENSO, PDO, AMO and IOD are identified as the most important 
modes which dominate TWSA in most of the global land surface. 
Considering the integrated correlation of multiple TCs on TWSA, ENSO 
is not the most important TC in mediating TWSA. The PDO is observed to 
dominate the TWSA in 36.6% of the global area, compared to 31.8% of 
ENSO. Regional climatic modes, such as AO, EA, EAWR and NAO, are 
also found to dominate the TWSA in specific areas. The climatic modes 
generally exert a comprehensive but not equally important impact on 
land hydrological components and are finally exhibited in variations in 
land water storage. We note that some confounding factors, such as 
human-induced activities, including land use change and river regula
tion, are not discussed in this study. These factors can certainly influence 
TWSA changes but are not necessarily related to climatic TCs. 
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Fig. 4. Maps of variations in TWSA contributed from (a) precipitation (P), (b) evapotranspiration (ET) and (c) runoff (R) and spatial patterns of variations in (d) 
precipitation (P), (e) evapotranspiration (ET) and (f) runoff (R) contributed from multiple TCs (color-coded) of the investigated river basins. Only part of the 
calculated contribution results is shown here for the limitation of exhibition space, and the full results can be found in Table S1. 
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